A number of central nervous system (CNS) diseases exhibit changes in myelin content and magnetic resonance longitudinal, T 1 , and transverse, T 2 , relaxation times, which therefore represent important biomarkers of CNS pathology. Among the methods applied for measurement of myelin water fraction (MWF) and relaxation times, the multicomponent driven equilibrium single pulse observation of T 1 and T 2 (mcDESPOT) approach is of particular interest. mcDESPOT permits whole brain mapping of multicomponent T 1 and T 2 , with data acquisition accomplished within a clinically realistic acquisition time. Unfortunately, previous studies have indicated the limited performance of mcDESPOT in the setting of the modest signal-to-noise range of highresolution mapping, required for the depiction of small structures and to reduce partial volume effects. Recently, we showed that a new Bayesian Monte Carlo (BMC) analysis substantially improved determination of MWF from mcDESPOT imaging data. However, our previous study was limited in that it did not discuss determination of relaxation times. Here, we extend the BMC analysis to the simultaneous determination of whole-brain MWF and relaxation times using the two-component mcDESPOT signal model. Simulation analyses and in-vivo human brain studies indicate the overall greater performance of this approach compared to the stochastic region contraction (SRC) algorithm, conventionally used to derive parameter estimates from mcDESPOT data. SRC estimates of the transverse relaxation time of the long T 2 fraction, T 2,l , and the longitudinal relaxation time of the short T 1 fraction, T 1,s , clustered towards the lower and upper parameter search space limits, respectively, indicating failure of the fitting procedure. We demonstrate that this effect is absent in the BMC analysis. Our results also showed improved parameter estimation for BMC as compared to SRC for high-resolution mapping. Overall we find that the combination of BMC analysis and mcDESPOT, BMCmcDESPOT, shows excellent performance for accurate high-resolution whole-brain mapping of MWF and bicomponent transverse and longitudinal relaxation times within a clinically realistic acquisition time.
Introduction
Alterations in myelin content and in magnetic resonance relaxation times T 1 and T 2 have been shown to be sensitive biomarkers for a number of central nervous system diseases. These include multiple sclerosis (Neema et al., 2007; Manfredonia et al., 2007; Ropele et al., 2000; Neema et al., 2009; Laule et al., 2004 ), brain atrophy (Nakamura et al., 2014; Vymazal et al., 1999) , epilepsy (Pitkanen et al., 1996; Conlon et al., 1988; Townsend et al., 2004; Jackson et al., 1993 ), Parkinson's disease (Vymazal et al., 1999 ), Alzheimer's disease (House et al., 2006; Bartzokis et al., 2004) , phenylketonuria (Sirrs et al., 2007; Vermathen et al., 2007) , psychotic disorders (Wood et al., 2010) , and schizophrenia (Supprian et al., 1997; Williamson et al., 1991; Pfefferbaum et al., 1999; Flynn et al., 2003) . While it is most often assumed that relaxation within each imaging voxel may be described by a single T 1 or T 2 value, this assumption does not capture the structural and compositional complexity of brain tissue. In fact, previous studies have demonstrated the presence of multi-component T 1 and T 2 relaxation processes in brain as an indicator of compartmentation (Laule et al., 2004; MacKay et al., 1994; Bakshi et al., 2008; AlonsoOrtiz et al., 2015; Dean et al., 2015; Deoni et al., 2013 Deoni et al., , 2008 Hwang et al., 2010; Kolind et al., 2015; Laule et al., 2006; Lenz et al., 2012; Zhang et al., 2015a Zhang et al., , 2015b . Multicomponent relaxometry (MCR) analysis has characterized two main water pools, with distinct relaxation times and fractions. The pool exhibiting the more rapid transverse relaxation and smaller fraction size has been attributed to myelin-bound water, while the more slowly-relaxing pool has been assigned to relatively unbound intra-and extracellular water (MacKay et al., 1994; Alonso-Ortiz et al., 2015; Deoni et al., 2008; Rioux et al., 2015) .
A variety of approaches to MCR have been applied to in-vivo clinical studies (Deoni et al., 2008; Hwang et al., 2010; Lenz et al., 2012; Whittall et al., 1997; Akhondi-Asl et al., 2015; Prasloski et al., 2012a Prasloski et al., , 2012b Nguyen et al., 2015; Oh et al., 2007; Armspach et al., 1991; Vargas et al., 2015; Baranovicova et al., 2016) , and have been reviewed recently by Alonso-Ortiz et al. (2015) . Among these methods, the multicomponent driven equilibrium single pulse observation of T 1 and T 2 (mcDESPOT) method, based on steady-state magnetic resonance imaging (MRI) sequences, is of particular interest (Deoni et al., 2008; Deoni, 2011) . mcDESPOT allows simultaneous mapping of multicomponent T 1 and T 2 relaxation times and myelin water fraction (MWF), providing improved sensitivity and specificity to tissue changes associated with development or pathology. Moreover, mcDESPOT permits the use of a relatively short echo time, TE, thereby allowing improved detection of the short-T 2 component of the signal, representing the MWF. Finally, mcDESPOT makes use of conventional MR acquisition sequences, namely, fully balanced steady state free precession (bSSFP) and spoiled gradient recalled echo (SPGR), widely available on clinical MRI systems. Overall, then, mcDESPOT is particularly attractive for clinical investigations (Dean et al., 2015; Kolind et al., 2015; Croteau-Chonka et al., 2016) .
In mcDESPOT analysis, SPGR and bSSFP datasets are acquired over a range of flip angles (FAs), with very short repetition times, TRs. Two different bSSFP datasets are acquired respectively with radio-frequency (RF) phase increments equal to 0 or π (bSSFP 0 and bSSFP π ) to correct for off-resonance effects (Deoni, 2011) . Although this formalism has been extended to include a third pool to account for either partial volume effects (Deoni et al., 2013) or magnetization transfer (Liu et al., 2015) , mcDESPOT modeling is generally restricted to a two-pool model. Even with this restriction, quantitative parameter estimation from mcDESPOT is problematic, especially at the low-to-moderate signal-to-noise ratios (SNRs) typical of high-resolution imaging Lankford and Does, 2013) . In recent studies, Zhang et al. (2015a Zhang et al. ( , 2015b , Lankford and Does (Lankford et al., 2015) and showed that for a two-component implementation of mcDESPOT using stochastic region contraction (SRC) with nonlinear least squares (NLLS), determination of relaxation times was problematic due to the flatness of the parameter least-squares energy surfaces. It was found, for example, that estimates of T 1 for the more rapidly relaxing T 1 component, and of T 2 for the more slowly relaxing T 2 component, showed a tendency to cluster respectively at the upper and the lower limits of the specified parameter spaces (Zhang et al., 2015a (Zhang et al., , 2015b .
In a recent study, we showed that the quality of MWF estimates from the two-component mcDESPOT signal model was greatly enhanced through use of a new Bayesian Monte Carlo (BMC) analysis . However, that work was limited to MWF analysis and did not address the important issue of relaxation time estimation. In this work we therefore extend BMC-mcDESPOT analysis to the simultaneous estimation of MWF and relaxation times over the whole brain with a voxel volume of 1 mm 3 , with an acquisition time of under 15 min. In addition, we directly demonstrate the superior performance of BMC compared to the conventional approach using SRC.
Materials and methods

Experimental analysis
Data acquisition
All experiments were performed on a 3 T whole body Philips MRI system (Achieva, Best, The Netherlands) using the internal quadrature body coil for transmission and an eight-channel phased-array head coil for reception. Data were collected at low-resolution (LR) or highresolution (HR) from four volunteers, from whom written informed consent was obtained prior to participation. All examinations were performed with approval of the local Institutional Review Board. Table 1 summarizes the experimental acquisition and reconstruction parameters of mcDESPOT imaging data for each volunteer. LR images were obtained with an acquisition voxel size of 2 mm × 2 mm × 2 mm and reconstructed to this same voxel volume of 8 mm 3 while all HR images were acquired with an acquisition voxel size of 1.5 mm × 1.5 mm × 1.5 mm and reconstructed to a voxel volume of 1 mm 3 using zero-filling to improve visual quality.
In our in-vivo studies, SNR was estimated as the mean signal value within a large region in SPGR images obtained over all non-zero FAs divided by the mean signal value for FA = 0°. These SNR values werẽ 30 and~50 for the HR and LR protocols (Table 1) , respectively.
Data analysis
We assumed a two-component non-exchanging system consisting of short, s, and long, l, T 1 and T 2 components (Bouhrara and Spencer, , matrix size = 100×108×70, acquisition voxel size≃2 mm×2×mm×2 mm, total acquisition time≃11 min.
FoV: Field of view. The bSSFP images were acquired twice, once with RF phase increment, θ RF , of 0 (bSSFP 0 ) and once with θ RF of π (bSSFP π ). All images were acquired with SENSE factor = 2. LR images were reconstructed to voxel volume = 8 mm 3 while HR images were reconstructed to voxel volume = 1 mm 3 .
2016; Deoni et al., 2008; Deoni and Kolind, 2015) . Analysis was performed explicitly accounting for nonzero TE as incorporated into the TE-corrected-mcDESPOT (TEC-mcDESPOT) signal model . Images from each mcDESPOT dataset were analyzed on a voxel-wise basis. First, monoexponential T 1 maps were generated through a fit of the SPGR data as a function of FAs to a functional form incorporating only a single underlying component. Similarly, T 2 and off-resonance maps were then generated according to the DESPOT 2 -FM method (Deoni, 2009) by fitting the bSSFP datasets as a function of FAs and phase increments to a single component form of the signal, using the voxel-wise T 1 value obtained as outlined above. Finally, the off-resonance map was combined with the SPGR and bSSFP datasets to simultaneously generate f s , T 2,s , T 2,l , T 1,s , and T 1,l maps, with f s defining the MWF. Manual segmentation was performed to eliminate ventricles and non-brain regions within the images, with parameter maps generated for the remaining regions of interest.
The first analysis consisted of investigating the performance of the BMC approach for generating high-resolution MWF, T 2,s , T 2,l , T 1,s , and T 1,l maps. Analysis was performed for all LR and HR datasets described in Table 1 . Details regarding the mathematical aspects of BMC-mcDESPOT analysis for simultaneous estimation of all system parameters are given in Appendix A.
In recent studies, Zhang et al. (2015a Zhang et al. ( , 2015b showed that determination of relaxation times from mcDESPOT using SRC (Berger and Silverman, 1991) can be problematic. Motivated by their observations, we performed a second analysis in which we generated MWF, T 2,s , T 2,l , T 1,s , and T 1,l maps using SRC. This analysis was performed on the LR and HR datasets acquired from Volunteer #1 Fig. 1 . a. Representative MWF, T 2,s , T 2,l , T 1,s , and T 1,l maps calculated for Volunteer #1 (Table 1) using BMC-mcDESPOT. Results are presented for both high-resolution (HR) and low-resolution (LR) datasets. The HR maps allows greater depiction of anatomical detail and regional patterns as compared to the LR maps. b. Representative MWF, T 2,s , T 2,l , T 1,s , and T 1,l maps calculated for Volunteer #3 (HR, left panels) or Volunteer #4 (LR, right panels) (Table 1) using BMC-mcDESPOT. The HR maps allows greater depiction of anatomic detail and regional patterns as compared to the LR maps. c. High-resolution MWF, T 2,s , T 2,l , T 1,s , and T 1,l maps calculated from brain images of Volunteer #3 (Table 1) using BMCmcDESPOT. Results are presented for four different slices. Note that the displayed color scales are different from the boundary limits of the parameter space used in the fitting process.
( Table 1) . Wide limits for the initial parameter bounds were used to avoid an over-constrained parameter space (Zhang et al., 2015a (Zhang et al., , 2015b Deoni and Kolind, 2015) . These limits were 1 ms ≤ T 2,s ≤ 60 ms, 60 ms ≤ T 2,l ≤ 200 ms, 10 ms ≤ T 1,s ≤ 650 ms, 10 ms ≤ T 1,l ≤ 3500 ms and 0 ≤ f s ≤ 0.45. These same limits were used in all BMC analyses as well. Histograms of parameter values were calculated from white matter (WM) voxels in several slices, with the WM regions defined using manual segmentation of T 2 maps generated using the DESPOT 2 -FM method described above.
Finally, the mean and SD for each estimated parameter were calculated over three regions of interest (ROIs) in several slices. The first ROI (ROI #1) lay within the frontal lobes, the second ROI (ROI #2) lay within the regions surrounded by the insular cortex, internal capsule, thalamus and putamen, and the third ROI (ROI #3) enclosed all WM regions. This analysis was performed on the parameter maps obtained from HR datasets using BMC or SRC.
Simulation analysis
Numerical simulations were used to further assess the performance of parameter determination using BMC-mcDESPOT and for comparison with those computed using SRC. The following input parameters describing acquisition were used: TR SPGR = TR bSSFP = 6.5 ms, TE SPGR = 1 ms, α SPGR = [2 4 6 8 10 12 14 16 18 20]°, and β bSSFP = [2 6 14 22 30 38 46 54 62 70]°, with two bSSFP datasets generated with RF phase increments of 0 or π respectively. Input parameters defining the system were: f s (i.e. MWF) = 0.2, T 2,s = 15 ms, T 2,l = 75 ms, T 1,s = 500 ms, and T 1,l = 1500 ms, corresponding to WM values obtained from the in-vivo analysis described above. Results were obtained over 1001 noise realizations and are presented as histograms. All analyses were performed at steady-state SNR of 500, defined as SNR = M 0 / σ, where M 0 represents the signal amplitude at TE = 0 ms. This steady state SNR value corresponds to an in-vivo SNR Fig. 1. (continued) M. Bouhrara, R.G. Spencer NeuroImage 147 (2017) [800] [801] [802] [803] [804] [805] [806] [807] [808] [809] [810] [811] of~20-30 as defined above. More extensive numerical analyses are presented in Supplementary material.
Results
Fig . 1 shows examples of MWF, T 2,s , T 2,l , T 1,s and T 1,l maps derived from brain images using BMC-mcDESPOT. HR datasets and LR datasets were acquired with isotropic voxel volumes of 1 mm 3 and 8 mm 3 respectively. Parameter maps derived from the HR and LR datasets were similar overall, especially in the WM regions. However, as expected, the HR maps better define anatomic details and regional patterns. The LR maps showed, overall, greater dispersion in derived parameter estimates especially at interfaces between gray and white matter, likely due to partial volume effects. Moreover, in contrast to the WM regions, all T 2,s maps showed high dispersion in the CSF and gray matter. This is a direct consequence of the very low values of MWF in these regions, which renders it impossible to assign meaningful values of T 2,s . Fig. 2 shows examples of MWF, T 2,s , T 2,l , T 1,s , and T 1,l parameter maps derived from the HR and LR human brain images using SRC. Parameter values derived from HR or LR were again similar, especially in WM regions. However, visual inspection ( Figs. 1 and 2 ) and histogram analysis (Fig. 3) demonstrate that the derived parameter estimates using SRC (Figs. 2 and 3 ) differed substantially from those obtained with BMC ( Figs. 1 and 3) , particularly for T 2,s , T 2,l and T 1,s . In addition, unlike BMC, SRC resulted in substantial random variation in the estimation of T 2,s , and clustering of T 2,l and T 1,s estimates towards the lower and upper search space limits, respectively. T 1,l and MWF maps derived from SRC and BMC showed similar regional patterns, although lower dispersion was evident in the MWF estimates derived using BMC. These results indicate the superior overall performance of BMC as compared to SRC. We also observed that the clustering of T 1,s estimates towards the upper search space limits using SRC was reduced to some extent in the LR parameter maps as compared to the HR maps. This is likely due to the relatively higher SNR of the former. Fig. 4 shows parameter histograms of f s (i.e. MWF), T 2,s , T 2,l , T 1,s , and T 1,l obtained using Monte Carlo simulations over 1001 noise realizations. Results were obtained at an SNR value of 500 using SRC or BMC. Using SRC, T 2,l estimates were clustered towards the lower search space limit while T 1,s estimates were clustered towards the upper search space limit; this behavior is in good agreement with our in-vivo observations (Figs. 2 and 3) . In contrast, BMC parameter estimates were preferentially distributed around the true input values and avoided search space boundaries. Further, parameter estimates using SRC showed larger bias and dispersion compared to BMC. Extensive numerical analysis further demonstrating the overall superior performance of BMC is presented in Supplementary material (Fig.  Sup. 1 ). Fig. 5 shows parameter means and SDs of estimates of MWF, T 2,s , T 2,l , T 1,s , and T 1,l calculated from the three HR datasets (Table 1) . For each HR dataset, results were obtained over three ROIs using BMC and SRC. The results indicate good reproducibility for both analysis methods between the three subjects for all estimated parameters. However, BMC analysis was able to detect regional variation in all system parameters, while SRC showed substantial regional changes in MWF, T 2,s and T 1,l only. In fact, T 2,l and T 1,s calculated using SRC showed artifactually decreased regional variation; the averaged values calculated over the three subjects were T 2,l = 64 ± 3.9 ms and T 1,s = 626 ± 7.6 ms, which are very close to the lower and upper search space limits of 60 ms and 650 ms, respectively. In contrast, the averaged values of these parameters calculated using BMC, 77 ± 2.1 ms and 517 ± 13.2 ms, were well-within the search space limits. This is consistent with Figs. 2-4 and the comments above. Finally, parameter estimates of MWF, T 2,s and T 1,l derived using SRC showed, overall, higher SDs as compared to those derived using BMC. In fact, Fig. 2 . Representative MWF, T 2,s , T 2,l , T 1,s , and T 1,l maps calculated for Volunteer #1 using SRC. Results are presented for both HR and LR datasets. Note that the displayed color scales are different from the boundary limits of the parameter space used in the fitting process.
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NeuroImage 147 (2017) 800-811 the average SD values over the three volunteers in the estimation of MWF, T 2,s and T 1,l , respectively, were 0.1, 8.2 ms and 425 ms using SRC, and 0.06, 5.4 ms and 360 ms using BMC. This is in good agreement with Fig. 2 , which shows substantial spatial irregularities, especially in derived MWF and T 2,s values, as compared to the BMC results of Fig. 1 . et al. (1994) demonstrated in-vivo MCR in the human brain for myelin mapping using MRI. Since then, MCR has become an active area of research, with several methods having been developed to either accelerate data acquisition (Alonso-Ortiz et al., 2015; Deoni et al., 2008; Hwang et al., 2010; Lenz et al., 2012; Akhondi-Asl et al., 2015; Prasloski et al., 2012a Prasloski et al., , 2012b Nguyen et al., 2015; Oh et al., 2007 Oh et al., , 2006 or to improve parameter determination (Alonso-Ortiz et al., 2015; Akhondi-Asl et al., 2015; Deoni, 2011; Nam et al., 2015a Nam et al., , 2015b van Gelderen et al., 2012; Raj et al., 2014; Kumar et al., 2012; Yoo et al., 2015; Björk et al., 2016; Nam et al., 2015a Nam et al., , 2015b Lee et al., 2016; Ganzetti et al., 2014; Warntjes et al., 2016) . Among these, mcDESPOT permits rapid wholebrain coverage, and so may have particular potential for clinical investigations, especially those involving patients with limited ability to remain stationary for the lengthy duration of MRI studies. However, it has been shown Zhang et al., 2015a Zhang et al., , 2015b Lankford and Does, 2013 ) that the high dimensionality of the mcDESPOT signal models renders parameter estimation problematic when the acquired images exhibit substantial noise, such as in the case of high-resolution mapping. However, we
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showed that the quality of derived MWF estimates is greatly enhanced using BMC analysis . In the present work, we generalized BMC-mcDESPOT to the simultaneous estimation of MWF and relaxation times for a two-component model; simulation analysis demonstrated that BMC allows high quality determination of all system parameters. Further, our in-vivo analysis showed that highquality, high-resolution MWF and relaxation time maps may be obtained with an isotropic voxel volume of 1 mm 3 within a clinically realistic acquisition time, permitting accurate depiction of anatomical detail and regional patterns compared to LR mapping (Fig. 1) . In this study we compared the performance of the BMCmcDESPOT analysis with that of the SRC algorithm, conventionally used for parameter estimation with mcDESPOT, for determination of MWF and relaxation times. Overall, we found greatly reduced bias and dispersion in the estimation of all system parameters using BMC (Figs. 1-5, Fig. Sup. 1) . We attribute this to several factors, including the implicit incorporation of noise SD and the marginalization over nuisance parameters in the BMC analysis . In fact, a fundamental difference between Bayesian methods and the several variants of NLLS algorithms, such as SRC, is that the posterior probabilities resulting from the former are obtained through incorporation of the entire specified ranges of nuisance parameters through marginalizations. In contrast, the evaluation of single combinations of estimated parameters required to optimize the objective function in NLLS leads to potential difficulties with local minima, especially in higher-dimensional problems such as mcDESPOT . A drawback to Bayesian analysis is the requirement for high dimensional integration in order to perform the marginalizations. To overcome this, we have implemented Monte Carlo sampling to perform the required integrations, although more advanced sampling strategies such as Markov chain Monte Carlo may further improve performance (Qian et al., 2003) .
Our numerical and in-vivo analyses showed that using SRC, T 2,l estimates were preferentially clustered close to the lower search space limit, while T 1,s estimates were preferentially close to the upper search space limit (Figs. 2-4, Fig. Sup. 1 ). This is in good agreement with the observations of Zhang et al. (2015a Zhang et al. ( , 2015b . This problem was markedly reduced using BMC, with parameter estimates distributed around mean values that were clearly separated from the search space limits. However, visual inspection of the parameter maps (Figs. 1 and 2) as well as more quantitative analysis (Figs. 3-5 ) showed higher dispersion in derived parameter estimates as compared to the literature (Dean et al., 2015; Deoni et al., 2008; Zhang et al., 2015a Zhang et al., , 2015b Deoni, 2011; Kolind et al., 2012) , especially using SRC. We attribute this to our use of relatively large parameter space bounds to avoid bias (Zhang et al., 2015a (Zhang et al., , 2015b Deoni and Kolind, 2015) ; as has previously been noted, this comes at the expense of increased dispersion Deoni and Kolind, 2015) . A priori restriction of the allowable parameter space therefore represents a tradeoff between bias and dispersion.
In agreement with recent studies (Zhang et al., 2015a (Zhang et al., , 2015b , our results showed that MWF and relaxation parameters values derived from mcDESPOT were substantially different from those derived from a GRASE analysis. This can be attributed to the fact that MRI pulse sequences, including mcDESPOT and GRASE, are influenced to substantially different degrees by experimental and physiological effects. Therefore, received signals will deviate from their ideal models due to diffusion (Ziener et al., 2010; Deichmann et al., 1995; Carney et al., 1991; Le Bihan et al., 1989) , exchange (Zhang et al., 2015a (Zhang et al., , 2015b Myint and Ishima, 2009; Kalantari et al., 2011) , off-resonance effects (Majumdar et al., 1986; Knopp et al., 2009; Zweckstetter and Holak, 1998) , magnetization transfer (Zhang et al., 2015a (Zhang et al., , 2015b Bieri and Scheffler, 2007a, 2007b; Weber et al., 2009; Sled and Pike, 2000) , Jcoupling (Allerhand, 1966; Stables et al., 1999; Mayer et al., 2007) , spin locking (Santyr et al., 1969; Ulmer et al., 1996) , internal gradients (Seland et al., 2004; Washburn et al., 2008) , and magnetization spoiling (Preibisch and Deichmann, 2009; Yarnykh, 2010) . The importance of these effects will depend both upon the specifics of the sample or subject under investigation and on the details of the pulse sequence, including the selection of parameters such as TE, TR, FAs, RF pulse shape, and gradient durations and amplitudes (Zheng and Xia, 2010; Levesque et al., 2010; Wang and Xia, 2013; Bouhrara and Bonny, 2012; McPhee and Wilman, 2015) .
Our HR analyses were performed on three healthy young volunteers. While BMC showed good reproducibility between these subjects for all estimated parameters (Fig. 5) , larger groups of subjects would be required for statistical comparisons between groups varying by, for example, age or disease status.
In the present work, we based our analysis on SPGR and bSSFP signal models that account for nonzero TE; that is, we used the TECmcDESPOT signal model . The neglect of the transverse signal decay that occurs during TE has been recently shown to potentially introduce large biases in parameter estimates from mcDESPOT . Nevertheless, limitations remain in the signal modeling of mcDESPOT, which represent limitations of the present work as well as in certain literature results. First, the mcDESPOT signal models analyzed by ourselves and others Fig. 4 . Histograms of MWF, T 2,s , T 2,l , T 1,s and T 1,l obtained using BMC or SRC analysis over 1001 noise realizations using numerical simulations. Vertical red dashed lines indicate true input parameter values: f s = 0.2, T 2,s = 15 ms, T 2,l = 75 ms, T 1,s = 500 ms and T 1,l = 1500 ms. The mean and standard deviations are as indicated. Note that using SRC, T 2,l estimates were clustered towards the lower search space limit while T 1,s estimates were clustered towards the upper search space limit. In contrast, BMC parameter estimates were distributed around the true input values and avoided search space boundaries.
neglect finite RF pulse length (Murase, 2011; Bieri and Scheffler, 2009; Bieri, 2011; Boulant, 2009; Lenz et al., 2010) . Similarly, we assumed perfect spoiling of transverse magnetization before each excitation pulse in the SPGR sequence; it has been shown that there may be a degree of preservation of transverse coherence in fast SPGR sequences with concomitant deviation of the signal behavior from the idealized model (Preibisch and Deichmann, 2009; Yarnykh, 2010; Hess and Robson, 2016) . Further, we assumed a two-component signal model; it has been shown that a three-component model improves the performance of mcDESPOT analysis in regions exhibiting partial volume effects, such as boundaries between brain tissue and ventricles and meninges (Deoni et al., 2013) . In addition, we assumed no exchange between the two proton pools. Extension of the BMC analysis to incorporate exchange is straightforward in principle and would permit evaluation of the impact of exchange on relaxation times, as well as on the estimate of MWF. Our analysis also assumes that the effect of magnetization transfer between free water protons and macromolecules is small (Zhang et al., 2015a (Zhang et al., , 2015b . Moreover, we assumed a Gaussian noise distribution for our Bayesian analysis to obtain closed form expressions for marginalized joint likelihood functions . However, it is well-known that the noise in magnitude MR images follows a noncentral-χ distribution (AjaFernandez et al., 2014) , which can be approximated by a Gaussian distribution only for relatively high SNR. Finally, as with any MRI sequence, the spatial encoding gradients of steady-state sequences modulate the degree of signal attenuation due to water diffusion (Bar et al., 2015; Bieri and Scheffler, 2007a, 2007b) , although diffusion in different compartments, such as myelin sheets and intra-and extracellular spaces, is not incorporated into the mcDESPOT formalism. While extensive further investigation would be required to analyze all of the above effects, the present work stands to demonstrate the feasibility of high-resolution mapping of MWF and relaxation times under clinical MRI acquisition conditions.
Conclusions
We have demonstrated the feasibility of simultaneous HR mapping of MWF and relaxation times in white matter regions of human brain using BMC-mcDESPOT. High-resolution whole-brain maps of MWF and transverse and longitudinal bi-component relaxation times can be obtained in less than 15 min.
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Appendix A
BMC-mcDESPOT analysis for the estimation of all system parameters
The estimate, λ i , of a given parameter, λ i , belonging to the set of unknown parameters λ is given by (Bouhrara and Spencer, 2016): Table 1) . For each HR dataset, results were obtained in three different regions of interest (ROIs) using BMC or SRC analysis. ROI #1 lay within the frontal lobes, ROI #2 lay within the regions surrounded by the insular lobes, internal capsules, thalamus and putamen, and ROI #3 incorporated all WM regions.
is the posterior distribution of λ i given the vector S S S S =( )
SPGR bSSFP bSSFPπ
0
of measured signals, each of which is itself a vector describing the signal amplitude for each value of FA, m denotes one of a total of M random sets of parameter combinations sampled from a grid defining the range of our Monte Carlo integration, λ* is equivalent to λ but excludes the parameter λ i being estimated and so represents the vector of nuisance parameters in the determination of λ i , and P λ λ ( *)=1/ * is the product of prior distributions for the elements of λ* taken as noninformative Jeffreys priors Jeffreys, 1946) . For example, the prior distribution in the estimation of T 1,s is given by:
, . This is a widely-used though strictly improper prior.
is a normalization constant. We note that, in our previous paper , λ d in the definition of P S ( ) was erroneously written as λ d *, although the numerical calculations were performed with the correct expression. Finally, L S λ ( | ) is the marginalized joint likelihood function of S given λ : 
where s and l respectively denote the short-and long-T 2 components, f s is the fraction of the short T 2 component, M SPGR 0 represents the signal amplitude at echo time TE = 0 and incorporates proton density, T 2 ' and machine factors , and α k is the kth excitation FA out of a total of K FAs. We also define 
where 
